An improved attribute recognition method is reviewed and discussed to evaluate the risk of water inrush in karst tunnels. Due to the complex geology and hydrogeology, the methodology discusses the uncertainties related to the evaluation index and attribute measure. The uncertainties can be described by probability distributions. The values of evaluation index and attribute measure were employed through random numbers generated by Monte Carlo simulations and an attribute measure belt was chosen instead of the linearity attribute measure function. Considering the uncertainties of evaluation index and attribute measure, the probability distributions of four risk grades are calculated using random numbers generated by Monte Carlo simulation. According to the probability distribution, the risk level can be analyzed under different confidence coefficients. The method improvement is more accurate and feasible compared with the results derived from the attribute recognition model. Finally, the improved attribute recognition method was applied and verified in Longmenshan tunnel in China.
Introduction
Risk management became an integral part of most underground projects during the late 1990s [1] . Water inrush is one of the major problems in underground construction projects, especially in karst regions. It severely endangers the safety of underground tunnel constructions and operations in China, resulting in tremendous casualties and economic loss. Water inrush in karst tunnel has to satisfy three necessary conditions of water source, karst conduit, and potential energy.
Water inrush can be described exactly by the potential energies of water leaking from karst conduit. Based on the mechanism of water inrush in karst tunnel, it can be categorized into geological flaws and no geological flaws [2] . The research of water inrush mainly focuses on three aspects: factor indexes, assessment with no geological flaws, and assessment with geological flaws.
There exist many perspectives on risk, and traditionally some of the perspectives have been seen as representing completely different frameworks, making the exchange of ideas and results difficult [3] . Risk assessment of water inrush with no geological flaws established the model by the theory of rock mass mechanics. Yao et al. [4] built numerical models for the roof fracture and seepage development rule using RFPA 2D and COMSOL to analyze the changes in fracture zone, stress, water pressure, and seepage vector with the advancement of working face, respectively.
Risk assessment of water inrush with geological flaws normally use neural network method, AHP, FAHP, GIS, fuzzy mathematical method, attribute mathematical method, and so on [5, 6] . Risk analysis provides a procedure, which should take into account the uncertainties [7] [8] [9] . Some scholars have solved the uncertainties in water inrush with the probability method. Jurado et al. developed a general probabilistic risk assessment (PRA) framework to quantify risks driven by groundwater to the safety of underground constructions [10] . Sousa and Einstein estimated the risk during tunnel construction using Bayesian Network [11] . X. P. Li and Y. N.
Li [12] studied a forecasting system for water inrush based on GIS. Further, a case study on the diversion tunnel groups of Jinping II Hydropower Station based on GIS is provided by X. P. Li and Y. N. Li [13] . Wang et al. constructed a secondary fuzzy comprehensive evaluation system to evaluate the risk of floor water invasion [14] . Meng et al. put forward a coal floor water inrush risk assessment method based on a conventional water inrush coefficient, considering the lithology and structure features [15] . Li et al. developed a spatiotemporal dynamic model through an analysis of the factors influencing temporal changes of water inrush spreading in roadways [16] . Li et al. developed the methodology which consists of two attribute recognition models: one is for design stage, and the other is for construction stage [17] .
In the risk assessment of water inrush in karst tunnels, the biggest problem is that the classification is different and the result is not rational. However, it can be effectively solved by the risk assessment model based on attribute comprehensive evaluation system, according to the principle of maximum membership degree law. Many literatures present a series of researches on the integrated attribute evaluation system model. When using the model based on attribute synthetic evaluation system, the value of evaluation index and attribute measure influence the assessment results directly. Based on ordered partition class and attribute recognition criterion, the attribute synthetic evaluation system can effectively identify and perform comparative analysis. Also, the attribute synthetic evaluation system effectively overcomes some shortcomings of other identification methods such as fuzzy recognition theory and can effectively reduce the loss of information in a calculation. Therefore, the synthetic evaluation system attribute has been successfully applied to the risk predication, risk evaluation, and risk decision of water inrush in karst tunnel. Previous methods usually adopt a definite value. Nevertheless, the geology in karst regions is uncertain, and it has the stochastic character. Also, the attribute is uncertain too. So, there are two basic problems before the viewpoints on the stochastic rock engineering to analyze the risk assessment of water inrush.
(1) The uncertainty of geology induces the uncertainty of evaluation index value. The evaluation indices generally rely on objective factors such as hydrogeology and geology factors. The values of evaluation index are always different from each other even in the same condition. Therefore, the value of evaluation index must account for the randomness.
(2) Uncertainty of attribute measure: in the model based on attribute synthetic evaluation system, the attribute level of evaluation index is quantitatively depicted as a constant by the attribute measure. It is more reasonable using an interval compared to a constant to depict the attribute measure, ascribed to the uncertainty of attribute measure.
In this paper the statistical characteristic about the value of evaluation index and attribute measure is taken into account with respect to the uncertainty of risk assessment in water inrush. An improved attribute recognition approach is proposed to calculate probabilities of risk level utilizing attribute synthetic evaluation system and Monte Carlo sampling distribution. The results would be more scientific and reasonable compared to other methods.
Probabilities of the Evaluation Indices Based on Geology
Indices and criteria for risk assessment of water inrush are based on the statistical information about geology in karst tunnels, and several influencing factors of water inrush are selected as the attribute evaluation indices. Formation lithology is normalized, and strata inclination is divided into Level III and Level IV in the range of [0 ∘ , 10 ∘ ]. The specific indices and criteria are shown in Table 1 [17] .
There are many uncertain factors in the evaluation of the rock engineering [18] . The statistical characteristics of physical and mechanical parameters of rock mass are described as normal distribution, Poisson distribution, and Gumbel extreme distribution [19] . Discontinuity of rock mass (e.g., strata inclination and rock mass fissure) is described as normal distribution [20] [21] [22] . The factors related to human are described as normal distribution.
The probability distribution of strata inclination, for instance, is calculated. Suppose the actual measurement indices are 1 , 2 , . . . , , and the mean value and standard deviation can be calculated. The strata inclination is the biggest included angle between the rock stratum and the imaginary horizontal plane, which is called the true dip angle. The strata inclination is measured along the true direction of rock by a compass. A set of strata inclinations of the rock stratum was measured near the Longmen mountain tunnel, and the data are given as follows (unit: Figure 1 . The parameters of probabilistic distribution function for indices include mean value and standard deviation which can be calculated using measurement data. If the data is a value interval, the mean value can be calculated using the value interval and the standard deviation can be calculated using 3 principle.
Probabilities of the Attribute Measure

Attribute Measure.
Attribute measure is the characterization that represents the level of a certain attribute of the element. As " ∈ " means " has the attribute of ," this expression only gives a brief qualitative description. For this reason, a number to depict the level of " has the attribute of " is needed. Then, the number is denoted as ( ), which is called the attribute measure of " ∈ "; the linear function of attribute measure was previously used in model based on attribute synthetic evaluation system to avoid the mutation which was generated from the change of risk, as shown in Figure 2 .
There is often no linear relationship between the influencing factors and the risk of water inrush in karst tunnel. So, when the attribute recognition model is applied to comprehensive risk evaluation of water inrush, the evaluation results of attribute recognition model based on linear measure function often have relatively large errors. Thus, the reliability of the evaluation results is reduced. However, it is better to depict the attribute measure by a limited value interval rather than a certain value. This means that the attribute measure perturbs in the value interval. The disturbing region is called attribute measure belt. In the attribute measure belt, the attribute measure value of the element on the starting point or terminal point is 0 or 1, while the value of the element on the middle is 0.5. Therefore, if the value of the element is 0 or 1, it is the clearest point; if the value is 0.5, it is the fuzziest point. That is to say, it is on the middle point between 0 and 1. When the value of a point is certain, its value of attribute measure is 0 or 1, the attribute measure belt will be tentatively determined, as shown in Figure 3 .
Attribute Measure Belt.
Suppose is one element of , is an attribute set, and { 1 , 2 , 3 , 4 } is one partition of . Based on the partition of attribute set, the domain element is determined that its attribute measure value is 0, 1, or 0.5, as shown in Table 2 . The attribute measure function is not arbitrary, but it must follow three principles [23] . The distributional characteristics of the function relate to actual background. The distributional function has three forms: concave function, convex function, and linearity function. If attribute measure Table 2 : Domain elements of attribute measure.
Grade
Attribute measure 0 1 0.5
has a linear relationship uniformly with the domain element change, attribute measure belt with linear function is selected and used, within the range of the domain element point at which the attribute measure value is 1. If the attribute measure value of the element varies greatly as the domain element changes, attribute measure belt with concave function is adopted. On the contrary, if the attribute measure value of the element varies slowly, attribute measure belt with convex function is adopted. The attribute measure belt is obtained based on the three forms of the distributional function and the disturbing interval of attribute measure. Based on the linear function of attribute measure, the attribute measure belt is generated ( Figure 3 ). For instance, 1 , the interval of the corresponding attribute measure value changing from 1 to 0.5 is
The upper limit function of the attribute measure belt is a triangle convex function (see (1)).
The lower limit function of the attribute measure belt is a triangle concave function (see (2)). The disturbing interval is symmetrical for the linear attribute measure function. Therefore the linear attribute measure function value is the mean between the upper limit function value and lower limit function value (see (3) ). The rest of the attribute measure belts are established in the same way. In the disturbing interval [ 1 , 1 ], the distributional function is unclear, whereas normal distribution is ideal candidate. Its accurate distribution can be gained through big date analytics based on lots of experimental data.
Attribute Recognition Model Based on Uncertainty
Random Vector of Index for Water Inrush in Karst Tunnels.
The value of risk index for water inrush in karst tunnels is achieved through statistical probability distribution based on the method in Section 3. According to the probability distribution, multiple index vectors T j with dimensions are generated, as listed or summarized in Table 3 .
Single Index Attribute
Measure. The random number of index vectors should have a corresponding disturbing interval on the attribute measure belt. The upper limit of the disturbing interval is obtained by the upper limit function of the attribute measure belt and the lower limit of the disturbing interval is obtained by the lower limit function of the attribute measure belt. In the disturbing interval, attribute measure value of is a random number on the basis of normal distribution. The mean value of the normal distribution is the midpoint of disturbing interval and the standard deviation of the normal distribution can be calculated using 3 principle. Then, a four-dimensional stochastic vector can be generated by each component of an index vector. Components of the four-dimensional stochastic vector have a corresponding attribute measure of risk gradation. In such a manner, every index vector has a corresponding stochastic single index attribute measure matrix , which can be expressed in the following form:
where = (1, 2, . . . , 7) is number of the indexes and = (1, 2, . . .) is the frequency of Monte Carlo simulations. 
Multiple Indices Synthetic Attribute
where is th time of Monte Carlo simulations; is the frequency of Monte Carlo simulations; is the risk gradation; and = (0.167, 0.350, 0.176, 0.097, 0.049, 0.113, 0.048) is comprehensive weight vector.
Distribution maps can be expressed by using programming software MATLAB. Then the risk level can be further assessed through agglomeration and overlap degree of the distribution maps.
Comparison with the Attribute Recognition Model
The risk assessment model of water inrush in karst tunnels based on attribute synthetic evaluation system is applied Mathematical Problems in Engineering 5 in Jigongling tunnel at construction contract section K19 + 509 to K19 + 539 [17] . In that paper, the risk grade of water inrush in design stage at construction contract section K19 + 509 to K19 + 539 is initially assumed to be Level I. However, the risk grade is Level II based on the practical situation. In construction stage, the index unfavorable geological conditions are classified under three types: waterbearing structure, catchments area of karst water system, and width of fault fracture zone. Then, multiple indices synthetic attribute measures are computed based on the new indices and the risk grade is modified into Level II which is identical with the practical situation. The index was regarded as a certain value in that paper, but actually the index has uncertainty characteristic. Therefore, while the index unfavorable geological conditions change, the result changes from Level I to Level II. Based on the values about the geological and hydrogeological conditions in Jigongling tunnel at construction contract section K19 + 509 to K19 + 539, the evaluation process can be performed considering uncertainty about the index and attribute measure as follows.
(1) For the time being, normal distribution can be used to deal with the uncertainty problem. Based on the values of indices [17] , the mean and standard deviation of index are shown in Table 4 .
(2) According to parameters in Table 4 , each index precedes one hundred thousand Monte Carlo simulations. Then 100000 groups of seven-dimensional stochastic vector are generated by using T ∼ N ( , ), which include the seven indices. The vectors replace the certain values.
(3) Single index attribute measure matrix: single index attribute measure of each stochastic vector is computed by using the method in Section 3. Then one hundred thousand groups of single index attribute measures compose an attribute measure matrix (see (4) ).
(4) Multiple indices synthetic attribute measures matrix is calculated with (6) . Finally, the results of these simulations can be statistically analyzed to construct the histogram of synthetic attribute measures of risk grade (see Figure 4) .
Based on the histogram, synthetic attribute measures of risk grade analysis are depicted as follows.
(1) The probability of risk follows a sequence of Level III < Level I < Level IV < Level II. It is noticed that the risk of level II is most likely to occur compared to other risk levels.
(2) The probabilities of risk Level III and Level I overlap with each other from 0.1 to 0.15. The probability of risk Level II is approximately three times larger or higher than that of risk Level I and 4 times compared to that of risk Level III. Hence, considering the single probability of synthetic attribute measure, the risk level is probably Level II.
(3) Based on the synthetic attribute measures in Figure 5 , the risk grade in each region is identified by using the method for the confidence coefficient [17] , which influences the risk evaluation results of water inrush. Figure 5 exhibits the normalized histogram of the probabilities of water risk level computed with Monte Carlo simulations. There is a peculiar relationship between confidence coefficient and probability of risk level. Due to the uncertainty characteristic in risk assessment of water inrush, the risk evaluation results of water inrush are presented under different confidence coefficients in Table 5 . In general, is found to be in the range of 0.6-0.7 [23] . So, the risk level may be Level III, Level II, or Level I. Among the three levels, Level II and Level I are more likely.
There are three reasons why the risk evaluation results of water inrush is Level I in design stage and modified into Level II in construction stage [17] : (1) the certain index values are chosen instead of the random numbers, which is calculated considering uncertainty of the index values; (2) the attribute measure belt is adopted instead of the linearity attribute measure; and (3) confidence coefficient influences the risk evaluation. The confidence coefficient values are different between design stage and construction stage. From Table 6 , we know that if the confidence coefficient is taken as 0.7, the risk evaluation result of water inrush is Level I; if the confidence coefficient is taken as 0.65, the risk evaluation result of water inrush changes into Level II. As a result, the risk evaluation results considering uncertainty agree well with the actual construction situation.
Engineering Application
The Chengdu-Lanzhou railway is located in Chengdu and Lanzhou in China, the bridges and tunnels ratio of which reaches up to 86.05%. The project crosses through three fracture zones: the Longmenshan fracture zone, Minjiang fracture zone, and Qinling fracture zone. Therefore, the construction project has a great risk of geological disaster. of water inrush is evaluated in each region. The probability distributions of value indices in each region are presented in Table 6 . Then, the established model is applied and the process can be performed according to the method proposed in Figure 6 . Through the calculation of the model considering uncertainties, the histograms of the probabilities of water risk level in each region are shown in Figure 6 . Considering the confidence coefficient taken as 0.6-0.7, the possible risk levels with different confidence coefficients are shown in Table 7 corresponding to the histograms described in Figure 7 .
According to the possible risk levels and confidence coefficient, the risk evaluation results of water inrush are listed in Table 7 .
Practical Situation.
The excavation of number 3 inclined shaft in Longmenshan tunnel was constructed at sections XJ3K1 + 485. During the advanced drilling of borehole at XJ3K1 + 439, water seepage suddenly flowed (see Figure 8(a) ). From Table 7 , the risk level would be changed from Level III to Level I at section XJ3K1 + 445. So, water flowed while drilling borehole at section XJ3K1 + 439. Then, the borehole was pushed 6 meters ahead at section XJ3K1 + 433 and water flow increased with a definite pressure. After pulling the drill pipe, the outlet for water inrush was expanded and the water inrush increased (see Figure 8(b) ). Water inrush of the working face kept increasing, and the whole working face was flooded finally (see Figure 8(c) ). The result of the excavation corresponds with risk evaluation.
Conclusions
The uncertainty analysis on the risk assessment attribute model of water inrush in karst tunnels was performed in this paper. Based on the uncertainties of evaluation index and attribute measure, an attribute recognition method improvement is developed and more information can be provided for decision-makers.
The probabilities of risk grade indicate that the risk evaluation results are also influenced by the confidence coefficients. While the confidence coefficient selects different value, the risk evaluation result may be different.
By comparing with attribute recognition model, this paper successfully explained the reason that the risk evaluation is different between design stage and construction stage. Basically, there are two influencing factors: (1) uncertainties of values of evaluation index and attribute measure and (2) different confidence coefficients.
The method presented was then applied in Longmenshan tunnel at section of XJ3K1 + 085-XJ3K1 + 485. Based on the new method, the risk evaluation results of water inrush show that the risk level of water inrush is very high, and sure enough water inrush occurs at section XJ3K1 + 445. So, the results used in this method to predict the risk level of water inrush in the construction of Longmenshan tunnel are in accord with the actual situation and have high reliability.
The method about uncertainties can also be utilized in other recognition models. The probability distributions of evaluation index values and attribute measures will be more objective and reasonable through big data analysis. In addition, it is very important to gain the confidence coefficient objectively. 
